Abstract: This review describes computational procedures for deriving the amino acid sequences that are compatible with a given protein backbone structure. Such procedures can be used to gain insight into the constraints imposed by the 3D structure of the protein sequence, or to design proteins that are likely to adopt a given backbone conformation. We start by presenting a short overview of the various types of approaches to protein design developed over more than a decade. This is followed by a more detailed presentation of a recently developed sequence selection procedure DESIGNER. This latter presentation illustrates the basic principles underlying this type of procedures, described what they may teach us when applied to small proteins, and highlights issues that need to be addressed in order to go forward.
INTRODUCTION
The early rule-based attempts were only partially successful. They sometimes lead to very stable proteins [1, 6] , but these proteins rarely, if at all, displayed cooperative unfolding, indicating that the designed sequences were not really protein-like [6, 8, 15, 16] , probably due to their poorly packed cores. More recent attempts, relying on increasingly sophisticated computational procedures for sequence selection, have been more consistently successful. They have been applied to redesign the cores of a series of small proteins. These are the bacteriophage 434 cro protein, the lambda repressor, the major cold shock protein, thioredoxin, the basic fibroblast growth factor [17] , the B1 domain of the streptococcal protein-G [18, 19] , the GCN4 coiled coil homodimer [20, 21] , and ubiquitin [22] . The redesigned variants were often more stable than the wt, and this culminated recently in the remarkable achievement of the full design of a stable ββα motif derived from the DNA Zn finger fold [21] .
Recent years have witnessed considerable progress in our ability to engineer proteins with modified stability and functional properties [1] . Significant progress has also been achieved in our capacity to probe into the process of protein folding [2, 3] . But our capacity to reliably predict the change in stability caused by a mutation, or for that matter, the complete 3D structure of a protein from the amino acid sequence, is still limited by our incomplete understanding of the relation between sequence and structure.
An interesting way of investigating this relation was suggested over 15 years ago. It consists of starting from a known protein 3D structure and searching for the amino acid sequence, which is compatible with this structure. Coined the 'inverse folding problem' [4, 5] , it marked the beginning of a very fruitful field of endeavor. This comprises efforts in rational protein de-novo design, based on relatively simple rules deduced from observations made on known protein structures [1, [6] [7] [8] [9] . It also includes brute force approaches based on large-scale mutagenesis, screening and selection [10] [11] [12] . More recently, various computational approaches as well as combined computational and experimental studies, have been performed with the aim of identifying the sequences that are 'allowed' for or compatible with a given 3D structure (for reviews see [13, 14] ).
Computational approaches for selecting sequences compatible with a given structure require efficient techniques for scanning large number of sequences and means for scoring their fitness for the target structure. The problem is of rather high complexity. Even for the smallest protein, the number of potential sequences is astronomical. Out of this very large number one needs to select those sequences that will actually adopt the given structure. The latter property has generally been interpreted to mean that the sequence should behave as a natural protein: the folded structure should be sufficiently stable and unique, display a cooperative unfolding behavior, and fold reasonably efficiently. on identifying the sequences that fit the target structure on the basis of energetic criteria that model molecular interactions. In addition, it was deemed important to consider the principle of 'negative design ' [23] . This principle consists of verifying that the designed sequence is not equally compatible with other structures [24, 25] . melting temperatures of the designed proteins. The number and values of these factors change from author to author.
Furthermore, most procedures impose constraints on the types of amino acids that are allowed at a given position in the polypeptide (only hydrophobic amino acids are allowed in buried positions, and only polar ones in solvent accessible positions). One of the first systematic computational approaches to sequence design selected sequences compatible with a given backbone structure by exhaustive enumeration on the basis of steric and packing criteria [26] . Key to their approach was the use of a rotamer library, representing the conformational preferences observed for side chains in protein crystal structures [27] , which was helpful in managing the problem of sampling side chain conformations with detailed atomic models.
Recently, we developed a new automatic procedure DESIGNER for selecting protein sequences that are likely to fold into a predefined protein 3D structure [39] . Aspects of this work are reviewed here with the aim of illustrating the basic principles underlying automatic sequence design procedures, of describing the current status of these procedures, and of highlighting key issues that need to be addressed to achieve further progress in this area. In computational procedures developed since then, different methods have been used [24, 25] , that largely circumvented the conformational sampling problem. They used simplified protein models with one interaction center per amino-acid, and applied scoring functions derived from knowledge-based potentials similar to those used for scoring sequence-structure compatibility in fold prediction procedures (for review, see references [28] [29] [30] [31] ). Such prediction procedures were then concomitantly used to check that the retained sequences are not compatible with other known folds. The sequences designed by these methods bore very little resemblance to the native sequences and were not tested experimentally.
THE BASIC COMPONENTS OF AUTOMATIC SEQUENCE DESIGN METHODS
In the following we briefly describe the two main components of automatic sequence design procedures, namely the function for scoring sequences and the method for selecting highly scoring sequences from a very large number of possibilities. The approach developed in DESIGNER will be used as an example.
An Effective Free Energy for Sequence Design
With many of the early protein design experiments yielding proteins with ill packed protein cores, subsequent workers reverted to the use of detailed atomic models and interaction potentials in conjunction with rotamer libraries, in order to improve side chain conformation in selected sequences [13, 17, 18, 20, 21, 32, 33] . Various enumeration and heuristic procedures, such as the Dead End Elimination algorithm [34, 35] , Monte-Carlo [20, 25] and Genetic Algorithms [22, 24] were devised to deal with the problem of optimizing side chain types and conformations. Encouraging results obtained with these approaches in the core designs mentioned above prompted interest in generalizing them to tackle the design of whole proteins [21] .
Selecting sequences that are likely to adopt a given protein structure and discard those that are not requires some measure of fitness of a given sequence for the structure at hand. The fitness measure used by DESIGNER is a quantity akin to the folding free energy, denoted ∆G folding . This quantity is computed as the difference between the free energies of the protein native folded state G folded and a reference state G reference , used as a model for the protein unfolded state:
In order to rank the fitness of 2 sequences S1 and S1 for the structure at hand, Eq. (1) is evaluated for each sequence in turn and the resulting values are compared. However, because the backbone and the non-variable side chains -the template-are kept fixed, the contribution from these portions to the folding free energy is the same for different sequences, and therefore does not affect the ranking. Hence, the evaluation of ∆G folding can be restricted to that part of the free energy which arises only from the pairwise interactions between the side chains of the modified residues and from the interactions between these side chains and the template.
The generalization attempts and critical appraisals of existing sequence design methods have raised interesting issues concerning the nature of the energy functions appropriate for protein design (see for example, reference [36] ). While many workers tend to agree that simple van der Waals potentials are sufficient for modeling the packing constraints inside the protein core, opinions vary on the other energy terms that need to be considered when full protein design is performed. Most of the current automatic design procedures use ad-hoc combination of several terms in addition to van der Waals interactions. These include special terms for representing hydrogen bonds, solvation terms based on the evaluation of buried or accessible surface area and various atomic hydrophobicity scales [37, 38] , as well as terms representing the residue secondary structure propensities [21] . The balancing between these various terms is obtained by using scaling factors, which are empirically adjusted to improve the fit with experimental data such as
Energy of the Folded State
The side chain-restricted free energy of the folded state is expressed as a sum of the following terms:
(sc) denotes the fact that the different terms are restricted to side chain contributions only, S is the entropy and T the temperature.
combinations at all residue positions specified as modifiable (see Fig. 1 ). This generates a very large matrix of pairwise energy values, which is then analyzed by the combinatorial algorithms in order to select the best sequence/rotamer combinations. Expressing this energy contribution as a sum of single and pairwise contributions (Eq.(3)) is therefore essential for the application of these algorithms.
E conformation (sc) is the classical conformational energy, computed in vacuum using classical molecular mechanics force fields such as those in the CHARMM packag [40, 41] . In this force-field, side chain and backbone conformations are represented in full atomic detail. But to make the problem of sampling side chain conformations manageable, rotamer libraries [42, 43] are used to model these conformations. The conformational energy is then split into two contributions, one from side chain-template interactions and another from side chain-side chain interactions:
Solvation Energy
The second term in Eq. (2) represents the solvation energy. To compute this term, DESIGNER and other procedures apply a widely used simple approximation, according to which the hydration free energy of the solute, also defined as the free energy cost of transferring the solute from vacuum to water, is expressed as a linear function of the solute solvent accessible surface area (ASA) [44] . This involves computing the accessible surface area of each atom and multiplying this area by a factor that depends on the atom type. Summing over all the considered atoms yields the solvation energy term (see for example [45] ,
The indices i and j denote residue positions along the sequence. E i is the single residue energy. It comprises the atom-atom interactions in side chain i and the interactions between the atoms of side chain i and the template (comprising all the backbone atoms and atoms of unmodified side chains). E ij is the interaction energy between pairs of side chains at positions i and j.
Values for σ i, , also termed the atomic solvation parameter 6, have been derived by several authors [38, 45] by minimizing the difference between E sol in Eq. (4) and the experimental vacuum to water, or organic solvent to water, transfer free
In practice, the evaluation of E conformation (sc) is performed in one step considering all rotamer and sequence energies for a set of representative compounds. This is warranted, since the expression in Eq. (4) represents in fact a free energy as far as the solvent contribution is concerned.
where the superscript R designates a specific sequence/rotamer combination, and the summations are performed over residue positions and pairs of positions, respectively. The first difference in Eq. (7) involves all the energy terms concerning individual residues i. The second difference comprises all pairwise energy contributions concerning residue pairs i and j. Since the reference energy is expressed as a sum of the energies of isolated residues and has no pairwise component, Eq. (7) can be rewritten as:
DESIGNER uses the atomic solvation parameters for the vacuum to water transfer process and computes a solvation term based on Eq. (4) for both the reference and folded state. In the folded state this term is computed as a sum of several contributions [39] . Including a contribution from the area buried by the interactions between the pairs of variable side chains, which is approximated by a scaled sum of pairwise interactions, and the areas buried by the interactions of each side chain and the template, which are computed exactly.
Using the above expression, the rotamer selection procedure then involves the following task: given a set of rotamers R i of the amino acids associated with each residue position i and a fixed template, find the selection of rotamers r i , that minimizes the following free energy, in the environment of the fixed template:
Energy of the Reference State
The free energy of the reference state, also restricted to contributions form side chains only, G reference (sc), is calculated as the sum of the free energy contributions of isolated amino acids:
where A i are the isolated amino acids, modeled by the standard dipeptide unit with the N-acetyl-N'-methylamide backbone, and the sum is performed over the sequence of the protein.
As for the folded state, G reference (A) is expressed as a sum of three terms:
An extension of the problem of finding the combination of sidechains with minimum energy difference ∆G min, folding is that of finding all rotamer combinations with an energy in a window W above the minimum. In the sequence design problem, sequences within such window define sequence families compatible with a given 3D structure. Fig. 2 illustrates the family of 375 sequences within 2kcal/mol of the minimum computed for 11 surface positions in the c-Crk SH3 domain (1cka). The energy spectrum of these sequences is shown in Fig. 2a , and the positions specific amino acid frequencies matrix is displayed in Fig. 2b .
where T is the temperature, S the entropy; E conformation (A) and E solvation (A) are the contributions from conformational and solvation energy, respectively.
The calculation of the two energy terms in Eq. (6) involves computing the Boltzmann averages of the conformational and solvation energies over all possible side chain conformations of A. As for the folded state the conformational energy is evaluated using the CHARMM force field, whereas the solvation energy is evaluated using Eq. (4).
Since generating all possible rotamer combinations and evaluating their energies is computationally prohibitive, one compromise is to identify a good, though not necessarily optimal, solution. This can be achieved by heuristics such as Monte-Carlo [21, 33] and Genetic Algorithm [47] procedures, or self-consistent mean field methods [48, 49] . Another approach is to reduce the search space during a systematic enumeration as in the Dead End Elimination (DEE) algorithm [34] . This algorithm has been quite popular for solving rotamer and sequence selection problems [50] . It is very useful in eliminating rotamers involved in energetically very unfavorable interactions, but it does not reduce the search space sufficiently, still leaving a vast number of combinations. This remains true even when some of the ingenious improvements are applied that were developed since its first inception [14, 35, 51] . This disadvantage is particularly serious when trying to find all rotamer combinations within an energy window from the minimum [52] .
Lastly, one should note that although DESIGNER has provisions to consider the contributions from side chain entropy to the free energy of both the folded and reference states, this contribution has been neglected in the calculations with DESIGNER, as with most other automatic sequence design procedures reported so far. The consequence that this might have on the sequence selection performance remains to be determined. There are good indications, however, that the contribution from side chain entropy in the reference state, which is considered to represent the major contribution to the unfolded to folded to change in side chain entropy, rarely exceeds approximately 1kcal/mol/amino acid (our unpublished results, and ref. [46] ).
Finding Optimal Sequence and Rotamer Combinations
To tackle the selection problem remaining after the application of the DEE, algorithms of the Branch & Bound type [53] have been applied [54] . DESIGNER uses such an algorithm augmented by concepts from constraints satisfaction programming [55] . However, this approach is practical only when the number of variable positions is limited to approximately 20 residues.
In order to identify sequence/rotamer combinations compatible with a given template structure, the optimization procedure compares and ranks the different combinations using the following expression, derived by combining Eqs.
(1) and (3): (a) The energy spectrum of the optimal sequences generated by DESIGNER for 11 variable positions in the c-Crk SH3 domain (1cka), selected as those exposing more than 50% of their surface area to solvent. The spectrum is displayed for the 375 sequences whose energy lies within 2kcal/mol from the minimum. Energies are given in kcal/mol on the abscissa, and the relative frequency of the sequences with given energy range is plotted on the ordinate. The energies represent the part of the folding free energy of each sequence arising from the contributions of side chain-side chain and side chain-template interactions made by the variable side chains only. (b) The position dependent amino acid frequencies or profile, for the 11 modified positions computed from the same 375 sequences. RES lists the residue number in the c-Crk SH3 domain structure (PDB code 1cka-A). wt and Min represent the wild type sequence and the minimum energy sequence selected by DESIGNER, respectively. * indicates conservation of the native amino acid. Frequencies are expressed on the scale of 0-10. '<' is used to indicate non zero frequencies of less than 10%. '-' indicates that the corresponding amino acid was not predicted at that position.
For larger problems heuristic procedures must be used. DESIGNER has implemented an iterative procedure, which is rather efficient and simple, and works as follows. First it selects a random rotamer at each variable position. Then it chooses a position at random and finds the optimal rotamer for that position, given the current rotamer selection everywhere else. This rotamer is fixed and another rotamer at a new randomly selected position is optimized, again in the context of the current rotamer selections at all other positions. This rotamer is fixed in turn, and the procedure is repeated for another randomly chosen position and so on, until no further improvement of the computed ∆G values is obtained. Since it is not guaranteed to find the global minimum, the entire procedure (choice of new starting position etc.) must be repeated many times (between several tens of thousands and several hundreds of thousands times).
Comparisons against results obtained with the exact optimization show that this usually yields the global minimum very rapidly for problems of moderate size (around 20 residue positions and a reasonable rotamer library).
residues irrespective of their burial state. The use of ε=8 has the effect of screening the electrostatic interactions in the absence of explicit solvent molecules. Values of ε>8 yielded essentially the same results, whereas lower values tended to favor polar residues in buried positions (our unpublished results). The factor ω =0.8 is used to scale down the solvation contribution computed with Eq. (4). It is justified by the fact that the straightforward summation in Eq. (4) overestimates the solvent accessible surface area in the unfolded state, because it neglects all interactions between side chains [56] . Applying a scaling factor of 0.8 to it amounts to accounting for such interactions and considering that in the unfolded state residues are on the average ~20% buried [57] . The factor γ =0.5 is used to reduce the error resulting from approximating the buried surface area of residues in the folded state as a pair-wise sum [56] .
To alleviate possible strain resulting from the use of a fixed backbone and non variable side chains, whose conformation may not be optimal with respect to the CHARMM force-field, best results with DESIGNER are obtained when the entire starting structure is shortly minimized before initiating the design procedure.
Parameter Settings and Adjustments
To alleviate strain resulting from the use of discrete rotamer states, two additional minimizations are performed. A first brief minimization is applied to individual rotamers in presence of a completely bared backbone, while imposing constraints on the dihedral angle values, in order to preserve the rotamer conformation. At the outcome of this minimization step, rotamers with an energy of more than 20 kcal/mol above the minimum energy over all rotamers at the same position are removed. This eliminatory energy threshold represents an additional adjustable parameter of the procedure.
Like many protein modeling and simulation procedures, automatic sequence design methods also require the setting and adjustment of calculation parameters in order to yield valid results. It is in general more satisfying when the number of adjustable parameters is kept to a minimum, and when the parameters and their values can be rationalized on a sound physical basis.
The majority of the automatic sequence design procedures use a set of weighting factors in order to balance the different energetic contributions included in their scoring functions. The values of these factors are usually adjusted empirically to fit experimental data, such as the melting temperatures of designed proteins. While this is perfectly acceptable, the fact that such adjustments need to be performed separately for designs of core and surface residues (and sometimes also for residues with intermediate burial), yielding different values for the parameters, is much less satisfying. Most sequence design procedures also impose restrictions on the amino acid composition of the designed sequences. Depending on the burial of the variable position the program is allowed to substitute only certain types of amino acids (e.g. hydrophobic residues in buried positions, polar residues in accessible ones). In addition to all that, design procedures involve means (usually short energy minimization runs prior and during the rotamer selection procedure) for alleviating, at least in part, strain resulting from the use of fixed backbone and discrete side chain conformations.
A second minimization step is applied during the evaluation of the interaction energies between the pairs of the retained side chains. Using a full empirical force field implies that many rotamer pairs are likely to be rejected due to steric clashes that result from only minor overlaps of their van der Waals spheres. To relax these clashes, a very short steepest descent minimization is applied to each rotamer pair and the resulting energy is stored for use in the combinatorial search. This amounts to considering a slightly different version of the same rotamer for each pairwise interaction, and introduces only a small uncertainty (~1 kcal/mol) in the energy estimate for the designed structure [39] .
RE-DESIGNING THE PROTEIN CORE
An important test for sequence design procedures is an evaluation of their ability to select sequences that stabilize the protein core. In procedures such as DESIGNER, where the amino acid composition is not restricted from the onset, this ability involves not only the generation of close packed side chain arrangements, but also the selection of the correct amino acid composition. In the following we review results obtained with DESIGNER for three small proteins. The B1 domain of streptococcal protein-G (PDB code 1pga), ubiquitin (PDB code 1ubq), and the SH3 domain from the proto-oncogen product c-Crk (PDB code 1cka). Protein G DESIGNER represents appreciable progress with regards to adjustable parameters and settings. Firstly, it does not require restricting the amino acid composition. Second, its scoring function involves only three adjustable parameters which are the dielectric constant ε and two weighting factors for the solvation contribution of the unfolded (reference) state (ω ) and for the pairwise solvation term in the folded state (γ ). Moreover, the same values for these parameters namely, ε=8, ω =0.8 and γ =0.5, are used for calculations on all and ubiquitin adopt the same fold, but the core of ubiquitin is composed, nearly exclusively, of aliphatic side chains, whereas that of protein G contains a significant fraction of aromatics.
solution from those immediately following it. But the corresponding difference in amino acid sequence is also small and limited essentially to single substitutions. Inspection of the computed conformations of the minimum energy sequences reveals that the side-chain conformations of nearly all the redesigned residues that maintained their native sequence are virtually identical to the observed ones, with an average difference in χ1 angles not exceeding 5º. This excellent correspondence is illustrated in Fig. 3 , which displays the redesigned structures superimposed onto the wt crystal structures of the corresponding proteins.
The calculations were carried out with exactly the same protocol and parameter setting of DESIGNER as described in the previous section. The variable positions for each protein were defined as residues exposing 10%, or less, of their surface area to solvent. The template, consisting of the backbone and all non-variable side chains, was held fixed in its native conformation, and all the designed sequences were computed with the combined DEE and Branch & Bound procedures.
Interesting observations could also be made on all the predicted core mutations. Several of the mutations such as 3Tyr→Phe, and 39Val→Ile in protein G and 26Val→Leu in ubiquitin, appear to make good sense. The first of these mutations eliminates a polar group in a nearly completely buried position, and the other 2 appear to result in better packing. In two instances however, larger hydrophobic side chains were replaced by smaller ones (5Leu→Val in protein G and 30Ileu→Val in ubiquitin) creating packing defects, which could be destabilizing [58] . This might have been caused by strain in the native crystal structure, which was not sufficiently relaxed (through energy minimization) before applying the design procedure [39] . Table 1 lists, for all the considered proteins, the wildtype sequence for the variable core residues and the corresponding 5 highest scoring sequences with energies within 2 kcal/mol of the global energy minimum. The striking result is that for all three proteins, the minimum energy sequences produced by DESIGNER are virtually identical to the wild-type ones. For a total of 12 redesigned positions in the core of SH3, the minimum energy sequence differs from the wt by a single position only. In protein G and ubiquitin, the minimum energy sequences differ in 3 and 2 positions each, respectively, for a total of 11 redesigned positions in protein G and 16 in ubiquitin. In addition, the characteristic amino acid composition of the cores of ubiquitin (aliphatic residues only) and protein G (significant proportion of aromatic residues) is maintained.
A particularly useful lesson was learned from 17Asp→Glx mutation, predicted for the core of the c-Crk-SH3 domain (Table 1 ). The wt Asp is buried in a pocket lined by 3 other negatively charged sidechains. The crystal structure contains the proline-rich peptide derived from the natural ligand of this domain, which binds to this pocket making an H-bonds with Asp 17 via a Lys sidechain. However, the bound peptide was not included in the design calculations, leaving the Asp 17 pocket empty and therefore Furthermore, Table 1 shows for all 3 proteins that the difference in free energy between the top ranking designed sequence and lower ranking ones is negligible, and can therefore not be used to meaningfully single out the best 
Listed are the 5 highest scoring sequences predicted by DESIGNER for the variable residues in each protein, indicated by their sequential number (top row). The wt sequence is listed in the wt row. Remaining rows list the selected sequences in order of increasing energy (in kcal/mol), given in the left-most column. These energies represent the part of the folding free energy of each sequence arising from the contributions of side chain-side chain and side chain-template interactions made by the variable side chains only. '*' denote positions for which the minimum energy sequence differs from the wt sequence.
Variable residues correspond to those exposing less than 10% of their surface area to solvent. For each such residue, DESIGNER was allowed to choose from amongst all natural amino acids except proline. The side chains of all non-variable residues as well as the backbone were held fixed during the selection procedure (see text for detail). lined by an excess of negative charge. Therefore it was encouraging to see that the optimal solution found by the design program was to replace Asp17 by a neutral polar residue Gln, or in lower energy solutions, by a hydrophobic Leu residue (Table 1a) .
increased to 7 positions. Furthermore, it was observed that in presence of a fixed environment 4 out of the 6 substitutions involved a change in the side chain electrostatic charge (Table 2a) . Interestingly, the number of such drastic changes decreased to only 2 in the calculations with the flexible environment.
RE-DESIGNING THE PROTEIN SURFACE
Analysis of the predicted substitutions revealed that in all cases networks of interactions between polar and charged sidechains in the native structure were replaced by equivalent networks formed between the predicted mutant sidechains. An example of such equivalent networks is illustrated in Fig. 4 . This Figure displays the structures of redesigned and native proteins in the vicinity of Arg 27, Arg 29 and Asn 38. In the wt structure, the side chains of these residues form a network of H-bonds involving another variable residue Glu 40 and a template residue Arg 46 (Fig. 3a) . A very similar network is formed in the designed protein (Fig. 3b) . The energetic advantage of the designed sequence seems to be that it replaces the H-bond between Arg 29 -Asn 38, by a stronger H-bond between Asp 29 -Lys 38, thereby also eliminating the proximity of two arginines (Arg 29, Arg 46) in the wt structure, which may be less favorable. But these are clearly only speculative considerations, which need to be confirmed.
The ability to select sequences for surface residues that are likely to stabilize the considered fold is a further challenge for sequence design procedures, since the surface can accommodate both polar and non-polar residues and the packing constraints are much weaker than in the protein core. Indeed, this leaves more freedom for the choice of amino-acid types, but also requires adequate balancing between electrostatic interactions and other energetic contributions, in particular solvation. So far, limited information is available on how automatic design procedures fare in this regard.
With DESIGNER, only two surface design calculations were analyzed in detail [39] , and both were performed on the c-Crk SH3 domain. These calculations considered as variable 11 residues, which expose more than 50% of their solvent accessible surface area in the native SH3 c-Crk. All energy terms were included and rotamer libraries and the setting of all other parameters of DESIGNER were exactly the same as for the core designs. However, in one calculation the side chains of all non-variable residues, as well as the backbone were held fixed in their native conformation, but in the second calculation DESIGNER was also allowed to select alternative rotamers for residues in direct contact with the side chains in the variable positions.
Not too surprisingly, Wernisch et al. 2000 [39] also found that in comparison to the core designs, redesigned surface which maintained their native sequence, and neighboring residues whose conformation (but not the sequence) was allowed to vary, have a somewhat increased tendency to adopt different conformations than in the crystal structure.
HEURISTIC VERSUS EXACT OPTIMIZATION: A NOTE OF CAUTION
The results, illustrated in Table 2 , show that the best scoring sequences contain a much larger number of predicted substitutions than in the core. In the design with the fixed template sidechains, more than half of the variable positions (6 out of 11) were replaced by non-native amino acids, while in the design with flexible template sidechains, this number A very valuable feature of procedures such as DESIGNER is the ability to produce families of solutions corresponding 
Residues whose sequence and conformation was allowed to vary in the selection procedure, and those whose conformation but not the sequence was allowed to vary are listed by their sequential number in each protein (top row). The wt sequence is listed in the wt row. (*) denotes positions for which the minimum energy sequence differs from the wt sequence. f in the column 'flexible' denotes residues whose side chains but not sequence was allowed to adjust during the selection procedure. Remaining rows list the selected sequences in order of increasing energy (in kcal/mol), listed in the left-most column. These energies represent the part of the folding free energy of each sequence arising from the contributions of side chain-side chain and side chain-template interactions made by the variable side chains only. Variable residues were chosen as those that expose 50% or more of their surface area to solvent. Position 17 was included, in addition, in order to test the influence of the environment on the selected sequence. All side chains, except those marked 'f' and the backbone were held fixed during the selection procedure (see text, for further detail).
(reproduced with permission from ref. [39]) to sequences whose energies are within a specified window from the minimum. Indeed, considering that the computed free energies are only an approximation to the real folding free energy, and finding that top ranking predicted sequences have very similar energies, it is reasonable to assume that the ranking computed by the programs is probably not very meaningful. Therefore, the ensemble of sequences with energies within a certain value from the minimum, eventually expressed as a sequence-specific amino acid frequency matrix (Fig. 2) , is a much better way of representing the sequence design solution.
iterations used in the procedure. Also, the number of identified sequences with the heuristic is consistently much lower than with the exact optimization.
Nearly all of the current automatic sequence design procedures, including the most recent ones [47, 49, 60] , use heuristic optimization procedures to perform sequence selection. However, the efficiency of these procedures in selecting the minimum energy sequence and in exploring the sequence space near the minimum has not been assessed systematically and probably varies widely. The influence that this might have on the results is likely to be significant, especially when the number of variable positions is large. With this being the case, it is important to ensure that the design procedure identifies a large enough fraction of the sequences in the specified energy window. One way of achieving this is to use an exact optimization such as the Branch and Bound procedure. However, this is not feasible for larger design problems, which therefore need to be tackled with heuristic procedures, whose ability to explore the sequence-energy landscape may vary widely. Wernisch et al. (2000) [39] draw attention to this potential problem, by presenting a comparison between the sequence profiles, generated by DESIGNER with the Branch and Bound procedure and with their heuristic algorithm for the set of 11 variable surface residues in the c-Crk SH3 domain. This comparison showed that the efficiency of the heuristic in identifying the sequences within a specified energy window above the minimum strongly depends on the number of
TOWARDS DESIGNING COMPLETE PROTEINS AND INCORPORATING BACKBONE FLEXIBILITY
Having shown that procedures such as DESIGNER are capable of selecting native-like sequences for the protein core and the surface, the next step is to test their performance in designing the sequences of complete proteins. This undertaking is much more demanding computationally, as it usually involves a much larger number of variable positions -typically about 50-60 residues for the smallest protein-in the context of a template, which comprises only backbone atoms. Fig. (3) . Predicted versus native three dimensional structures for the re-designed cores of the c-Crk SH3 domain, the B1 domain of protein G, and ubiquitin (reproduced with permission from ref. [39] ). The displayed picture was generated using the software Molmol [66] superimposing the backbones of the minimum energy sequence and corresponding conformations computed by DESIGNER onto the native crystal structures. The superimposed backbones are shown as a green-gray ribbon. The side chains of variable positions in the native structure are displayed in gray, and those in the predicted structure are displayed in yellow. CPK color convention is used to mark oxygens and nitrogens. Residue numbers and amino acid types (1 letter code) are given only for positions for which mutations were predicted. The leftmost letter designates the wt amino acid and the rightmost letter the predicted amino acid. The N-and C-termini are indicated. Evaluating the results of the sequence design calculations for an entire protein is also more challenging. In experimental approaches, sequences need to be synthesized using either chemical or biochemical synthesis methods. Then the stability and 3D structure of the resulting proteins must be evaluated. In the first full automatic sequence design calculation with an all atom force-field reported for the Zinc finger ββα motif, Mayo and colleagues produced the designed protein and showed by NMR spectroscopy that it adopted the expected 3D structure [21] .
combinations, there are presently no proven criteria for assessing if a sequence is likely to fold into the expected structure. [59] use the concept of negative design (see Introduction), and verify that their designed sequences 'recognize' the target backbone from among a large number of decoy structures.
In another recent study [47] , an automatic procedure roughly similar to DESIGNER was used to design the full sequence of four protein motifs, using in each case a single backbone of a representative 3D structure from the family comprising the protein motifs consisted of the SH3 domain, the RNA recognition motif (RRM), the fibronectin type II domain (FNII), and the homeobox (HM). The minimum Validating the designed sequences using theoretical methods is conceptually much more difficult. Except for the scoring function used to select the rotamer and amino acid Fig. (4) . Predicted versus native 3D structures and sequences for the re-designed protein surface of the c-Crk SH3 domain while holding the template fixed (reproduced with permission from ref. [39] ). (a) The native three dimensional structure of the c-Crk SH3 domain (PDB code 1cka), highlighting surface residues for which substitutions were predicted by DESIGNER in the calculations in which template side chains were held fixed. (b) The minimum energy sequence and 3D structure computed by DESIGNER, during calculations in which the template side chains were held fixed. The same residues as in (a) are highlighted. energy sequences selected by the procedure were then scored against the profiles of the corresponding families of natural sequences. Results showed that for all four motifs the designed sequences scored significantly higher than completely random sequences, and also higher than random sequences with the same ratio of polar/non polar residues as in the native proteins.
for a complete SH3 domain (57 residues) using backbone templates from several evolutionarily and structurally related domains. These domains are from the proto-oncogen product c-Crk (1cka), the sem-5 domain from C. elegans (1sem), the human Fyn proto-oncogne Tyrosine Kinase(1shf), alpha spectrin (1shg), and a similar structure, but otherwise unrelated domain, the C-terminal DNA binding domain of HIV integrase (1qmc). Three additional backbones were derived by quenching conformations after respectively, 20ps, 40ps and 150ps (1ps=10 -12 se) of high temperature (600K) molecular dynamics simulations performed on the c-Crk SH3 domain. The corresponding backbones are denoted MD2, MD4 and MD15.
The results obtained by this interesting approach are very encouraging, but they provide little information on the actual sequence space covered by the calculations, as only the minimum energy sequence was scored and the design calculations were in each case performed on a single fixed backbone. To evaluate this coverage is important. Ideally one should consider the family of predicted sequences within some energy window from the minimum, and furthermore, take into account the variability in backbone structure that characterizes the protein family. Several authors have addressed the latter issue by applying various types of deformations to the backbone and repeating the sequence selection procedure on the different backbone versions [33, 61] . But in these studies the design procedures did not explore the sequence space near the minimum. Table 3 lists the minimum energy sequences computed by DESIGNER for these backbones. The last two columns in the Table list the fraction (in percent) of residues in the designed sequences that is identical to the native sequence of each protein, for all positions and for buried (core) positions only, respectively. This fraction is clearly significant. The minimum energy sequences are between 14-30% identical to the wt sequences whereas the identity scores for the most wild-type-like sequences within the 2kcal/mol window range between 26-36%. This level of identity is above the twilight zone, and searching public sequence databases with the designed sequences, identifies the correct protein family in each case (our unpublished results). Significantly higher identity levels are obtained when only buried residues are
Full Protein Design with Multiple Backbones
In the following we describe recent progress achieved with DESIGNER in selecting families of optimal sequences The backbones used as templates for the sequence design procedure are indicated in the left-most column. Natural backbones taken from known protein structures are designated by their PDB codes; four structures are from SH3 domains (1cka, 1sem, 1shf, and 1shg), the fifth one (1qmc) is from the C-terminal DNA binding domain of HIV integrase, an unrelated protein with a similar fold. The lower part of the Table, lists results obtained from three additional full designs, performed using backbones structures derived by quenching conformations from a short high temperature (600K) molecular dynamics simulation performed on the c-Crk SH3 domain. These are denoted as MD2, MD4 and MD15. The corresponding backbones were obtained by quenching the conformations in the trajectory after 20, 40 and 150 ps (1ps = 10 -12 sec) of simulation times respectively. For each backbone, are listed the wt sequence, and 2 sequences computed by DESIGNER, using the one letter amino acid code. The first sequence ('min') is the minimum energy sequence, and the second sequence ('best') given below, is the sequence displaying highest sequence identity with the wt sequence, selected from amongst the family of computed sequences whose energy lies within 2kcal/mol from the energy minimum. The sequences of the different SH3 domains are aligned based on the structural alignment of the corresponding backbones. (--) represent gaps in the alignments. Prolines are displayed in lower case letters, since the corresponding residues were considered as part of the fixed template, and have not been allowed to change in the reported design calculations.
scored. These levels range between 45-77% and are similar for both the minimum and most wild type-like sequences which is an indication that the identity score for these residues is roughly constant in the family of designed sequences. Those designed for the spectrin SH3 domain display consistently lower sequence identity scores. The possibility that there has been a problem with the sequence design calculations for this protein can presently not be ruled out.
[47]. More significant still, the sequences predicted by these authors for buried positions display the same level of identity to wt as the designed sequences in surface positions, whereas DESIGNER predicts much more wild type-like sequences for the protein interior than on the surface. This makes more physical sense, considering that packing and solvation exert stronger constraints in these positions.
The last three rows in Table 3 display the sequences designed using backbones derived from the c-Crk SH3 molecular dynamics simulations performed at high temperature. Interestingly, overall, the designed sequences for these backbones display an appreciable level of identity to Interestingly, the levels of identity relative to wt of the sequences selected by DESIGNER are on the whole higher than those reported recently by Desjarlais and colleagues the wt sequences (18-32%) . However, the core residues in the minimum energy sequences are much less conserved (23-31%) than in the other designs. Analysis of the secondary structure assignments suggests that this might be due to the fact that the conformations of these backbones have undergone some local unfolding. The finding that the identity score of the core residues rises to 61% in the most wild type-like sequence from the family of predicted sequences for the MD2 backbone, but not from those predicted for the other 2 backbones, supports this conclusion. MD2 is indeed derived from earlier conformations of the high temperature trajectory and is less deformed than later structures.
substitutions are physically meaningful, or represent a mere artifact of the calculation procedure, requires further analysis. Visual inspection of the minimum energy structures suggests that the designed Gln and Arg side chains form stabilizing H-bonds with surrounding residues, or otherwise stick onto the surrounding solvent (Arg side chains mainly). One may recall at this point the interesting finding by Hecht and colleagues [68] that designed sequences which reproduce the order and relative proportion of polar and nonpolar residues but not the exact amino-acid composition can adopt nativelike folds.The fact that a rather large proportion of the surface residues of the SH3 domain play an important role in mediating inter-molecular recognition, and may have been selected for this purpose rather than for conferring stability of the isolated domain might be an additional explanation for our findings.
Another observation to be made from the results in Table  3 is that the amino acid compositions of the designed sequences differ from those of the wt proteins, particularly in solvent accessible positions. The sequences at these positions tend to be enriched in Arg and Gln amino acids. In addition, while designed amino acids in the protein core tend to be wt-like, a large number of drastic charge substitutions and charge deletions and polar/hydrophobic substitutions are designed at surface positions. Whether such A classical analysis by Chothia & Lesk (1986) [62] has shown that the similarity in the amino acid sequence of homologous proteins decreases as the differences in their backbone structure, measured by the root mean square (rms) deviation, increases. This relation also holds for the sequences designed using the 8 different SH3 backbones. Fig. (5) . Sequence identity level versus backbone rms for structures of the SH3 domain and amino acid sequences designed using the automatic procedure DESIGNER. The backbones used for the design are indicated by the PDB codes of the corresponding proteins. Three additional full designs were performed using backbones structures derived by quenching conformations from a short high temperature (600K) molecular dynamics simulation performed on the c-Crk SH3 domain. These are denoted as MD2, MD4 and MD15. The corresponding backbones were obtained by quenching the conformations in the trajectory after 20, 40 and 150 ps (1ps = 10 -12 sec) of simulation times respectively. Designed sequences using natural backbones are displayed by circles marked with the corresponding MD code, those designed using the backbones from the MD simulations are shown as circles denoted with the code of the corresponding MD simulation, and the wt sequences are displayed as triangles. The abscissa displays the rms deviations of the corresponding backbones from the backbone of 1cka, taken as a reference. The sequence identity levels, given in %, are also computed relative to the sequence of 1cka. Fig. (6) . Amino acid frequencies in designed sequences for specific positions of the SH3 domain. The panels display, from right to left and top to bottom, the frequency of occurrence of each of the 20 amino acids for residues 4, 5, 20 and 29 in the 1cka and 1sem SH3 domains (residue numbers correspond to those of 1cka). The frequencies are computed in percent from the family of sequences with an energy of at most 2kcal/mol from the minimum selected by DESIGNER. The frequencies are given on the ordinate, and the amino acids appear in the one letter code on the abscissa. Fig. 5 displays the percent identity of the designed sequences relative to the wt sequence of 1cka, versus the rms deviation of the corresponding templates from the 1cka backbone. We see that the sequence identity level decreases as the rms relative to the 1cka backbone increases. Again, the designed sequence for the spectrin SH3 domain (1shg) has a somewhat lower level of sequence identity to c-Crk (1cka) than other designed sequences with similar backbones. On the other hand, sequences designed using backbones derived from the molecular dynamics trajectory of 1cka, display a slightly increased level of sequence identity to 1cka, than those using wt backbones with equivalent rms deviations. And finally, Fig. 5 also shows that the wt sequences display the expected exponential decrease in identity levels with the rise in backbone rms values. currently in progress (Jaramillo et al., unpublished), and is therefore only very briefly sketched here.
In a first step, the families of sequences within a specified energy window of the minimum (~2 kcal/mol), generated for the different backbones, have been compared. This comprises 239 sequence for 1cka, 155 sequences for 1sem and 168, 142, and 206 sequences for 1shf, 1shg and 1qmc, respectively. Interestingly, the position-specific amino acid frequency matrices of these families display clear differences. These differences are illustrated in Fig. 6 , which displays the amino-acid frequencies of the designed sequence profiles at several equivalent positions in 1cka, and 1sem.
We see for example that for residue 5, a surface position occupied by Arg (1cka) or Gln (1sem) in the wt, the most significant difference is for the frequency of Gln, which appears in 57% of the sequences in the 1cka profile but only in 17% in the 1sem profile. A similar situation occurs at position 29, another surface residue (Arg and Ile in the wt 1cka and 1sem protein, respectively), where Gln appears, once more, much more frequently in the 1cka profile (50%) than in the 1sem profile(4%).
Sampling Sequence Space with Backbone Flexibility
While the analyses described above provide useful insight into the performance of the design procedure, a much more thorough evaluation can be performed by analyzing the entire ensemble of sequence families computed by DESIGNER for each different backbone, and then comparing it to the ensemble of natural sequences of the corresponding protein domain, in this case, SH3. Such evaluation is
The amino acid frequencies at buried positions, such as Val 4 and Phe 20, which are highly conserved in natural SH3 sequences, also display some differences according to the backbone template used (Fig. 6) . The differences might not be significant at position 4, where Val is predicted to be the most frequent amino acid in both profiles. But they are significant at position 20, where Phe appears in 50% of the sequences in the 1cka profile, but in only 19% of the sequences in the 1sem profile.
computed by DESIGNER for whole proteins and testing them for stability and folding (Jaramillo et al., in progress) should provide useful clues in this regard.
Consideration of functional requirements in the design procedure is also possible, but needs at the very least to include the interactions with the cognate molecule in the calculations. This has so far not been done, but in the future one could indeed envisage the automatic application of procedures such as DESIGNER to re-engineer proteinprotein, protein-DNA or protein-ligand interfaces in order to increase the affinity or specificity of the intermolecular interaction. An interesting application would be the design of peptides with specific binding properties to the major histocompatibility proteins (MHC) (Ogata K. et al., unpublished results).
These examples illustrate the important influence of the backbone structure on sequence space explored by the calculations, and indicates that combining the designed sequence profiles from multiple backbones yields a better description of the sequence variability associated with a given protein fold. Thus, for example, combining the profiles of 1cka and 1sem yields Gln as the most frequent amino acid at position 5, followed by Lys, in good correspondence with the observed wt amino acids (Gln in 1sem, and Arg in 1cka).
A reassuring conclusion of the results reviewed here is that classical molecular mechanics force fields, complemented by an empirical hydration term, perform rather well in sequence design. However, care must be taken to subtract the free energy contribution of a reference state taken to model, albeit crudely, the unfolded state. Thus, an explicit representation of amino acid backbone conformational preferences (such as those used in secondary structure predictions) does not seem necessary, since force-fields of the type described here model such preferences implicitly, in agreement with the recent conclusions reached by Koehl & Levitt [63] . A recent study by Kuhlman & Baker (2000) [67] showed that wt-like sequences (with 30% identity to wt overall, and 55% identify for core residues) could be computed for a large set of proteins using an automatic sequence design procedure, differing in a number of ways from DESIGNER. A major difference is that the force field in that procedure has 26 adjustable parameters, which were optimized so as to yield minimum energies for the wt sequences on a selected protein test set. The findings that designed sequences are wt-like in this study, thus most probably reflect the properties of the force-field rather than the fact that the wt-sequences represent genuine optima in sequence space for the native backbone conformations.
But how do the individual and combined sequence families relate to natural sequences in the general case is an important question that should be answered. To address this issue, statistical criteria are being used to score the similarity between designed sequence profiles and the profiles of the corresponding natural sequences, and this is repeated for different protein domains, to verify the generality of the conclusions (Jaramillo et al., unpublished). Such an approach should provide a very valuable means for an in depth investigation of automatic sequence design methods, as well as the opportunity of improving them.
CONCLUDING REMARKS
In this paper we presented a short overview of automatic sequence design procedures and illustrated their principles and performance with examples taken from our own work with the software DESIGNER developed in our laboratories. We showed that optimal sequences selected by DESIGNER tend to be wild type-like, especially for positions in the protein core. This is all the more significant since the procedure imposes no restrictions on the amino acid composition of the designed sequences. For each variable position, the program is allowed to choose from amongst all natural amino acids for both core and surface positions.
The force-field used in DESIGNER does not suffer from such biases, but it clearly embodies a number of drastic approximations. The solvation term is very crude, owing in part to the pairwise treatment and to the rather naïve representation of solvent polarization. The representation of the reference state and its free energy are equally simplistic, and the empirical adjustment of the dielectric constant in the Coulomb term is also rudimentary at best. In the future, efforts should be devoted to improve the treatment of the solvent contribution and of the reference state. The use of some of the newer implicit solvent models based on the generalized Born formalism [64, 65] are interesting alternatives.
The excellent restitution of the wt sequence in the protein core indicates that this sequence represents a solution, which is at or close to the global minimum in the energy landscape of sequences. This seems not to be due to the overwhelming influence of packing constraints, but to a careful balancing of the terms included in the force field. Omitting the solvation or the reference energy terms from the force-field leads indeed to very non-native sequences in the core regions [39] .
Sequences selected in surface positions tend in general to be less native-like, both in the selected examples described here, and in work reported by other authors. Further investigations are needed to determine whether this stems from biases introduced by the design calculations or from the fact that wt sequences reflect the requirements of performing biological function, which usually involves the specific recognition of other biological molecules, or the necessity for achieving proper folding. Synthesizing optimal sequences
Another potential shortcoming of current sequence design procedures is the neglect of side chain and main chain entropy contributions. Inclusion of such contributions might be helpful in selecting against the incorporation of flexible side chains like methionine, or side chain forming covalent bonds like cysteine, into a conformationally restricted environment. A more direct way for the incorporation of backbone flexibility into the sequence design calculations is a second important area where effort is needed. From the preliminary results described here, allowing for such flexibility should significantly improve the sampling of sequence space.
